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On average, the excluded customers did receive slightly fewer alerts per seasonal bill-month than
the participants that remained in the final pool, especially during the winter months. Because the
customers were limited based on availability of data, we expect participants who were excluded
to have more missing data, and for the majority of the missing data to occur during the winter
season. Furthermore, we expect the missing winter data to occur most often during the colder
and darker months of January and February. Having more shoulder month data and less winter
data will result in lower usage and lower numbers of alerts for those excluded customers as
reflected in Table 3-8 above.

Because of these differences, the estimates obtained for the sample of participants may reflect
participation with slightly higher overall usage, which may lead to a slight overestimation of
savings from receiving alerts. Based on our initial comparison, it may be that the small
differences in the two groups indicate a small amount of bias was introduced in this step.
However, it is also possible that what appears to be bias due to differences in average usage
may not actually influence savings. For example, customers who receive 2 alerts per month may
be just as likely to save as those who receive 4 alerts per month.

Like with the CWP customers, the sample weights can be used to mitigate some of the differences
between the included and excluded participants. To do this the stratum weights are calculated based
on the entire participant population, rather than on the final participant pool. By basing the weights
on the entire population, the fact that the participants remaining in the pool receive alerts slightly
more often than those excluded, is reflected in the weight of each stratum.
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3.3 DEFINING A CONTROL GROUP FOR BOTH PROGRAMS

The energy savings associated with these programs will be estimated by comparing energy use of
participating customers with a carefully selected control group of non-participating customers. A
stratified matching technique is used to construct a control group that is very similar to the
participant group in all observable ways, except for being exposed to the program treatment.

In a pilot setting it is often possible to use an experimental design with randomized assignment
to treatment and control groups to control for self-selection bias. Self-selection bias is the
presence of systematic differences between customers who volunteer for a program or treatment
and those who do not. Self-selection bias is problematic because the estimates of savings cannot
be separated from the systematic differences between treatment and control customers.
Matching participants to the control group can help eliminate bias for any observable
characteristic, and using interval data will be the most powerful way to ensure that the two
groups have similar pre-treatment usage characteristics. Using only those customers who have
accessed My Energy for the CWP control group also helps reduce bias, since this captures some
of the unobservable characteristics of online users. However, because we cannot fully duplicate
the results of a designed experiment through matching, the matches will necessarily have some
level of bias, and the estimates will also have some level of uncertainty.

3.3.1 Creating the Control Group Pool

In order to create a matched control group for the treatment group for each of the two
programs, the first step is to select a pool of non-participants as potential matches. While there
are dually enrolled customers in both samples, we chose to select customers for the control
groups who do not participate in either program. We chose not to attempt to control for dual
participation through the matching strategy due to highly variable levels of engagement with
each program and different distributions of engagement among dual participants and single
program participants.

In an ideal situation, we would be able to use the entire non-participant population as a potential
pool. However, because we incorporated interval data into the matching process, the volume of
data necessitated that the pool be reduced significantly in size. Therefore, we first selected only
customers who have an interval meter installed (regardless of the timing), and then we pre-
matched potential control group customers into buckets using filters. This pre-matching allowed
us to use the method described below to ensure that each participant had enough control group
pool customers to allow for a good match, without needing to process hundreds or thousands of
customers.” The entire non-participant population and the treatment customers were both
classified into buckets using the following filters: 5 digit zip code, SmartAC participation®, AC
propensity’ (“high”, “medium”, “low"”) and electric or non-electric heat. The combination of the
four filters created a bucket for each customer in the treatment group and the non-participant
population. After the treatment customers and non-participants are classified, we can then use
the number of treatment customers in each bucket for each program to determine the number of
potential control group customers to select for the pool. We simply multiplied the number of
treatment customers in each bucket by 10 to determine the number of corresponding control
pool customers to select from the non-participant population.?® We employed multiplier of 10
because 10 is considered to be a sufficient ratio of treatment to control customers for quasi-
experimental design within the industry. Additionally, we are limited by the number of customers
within each bucket in the population, and often the buckets were so refined that the number of

7 We did not restrict customers to a specific amount of interval data because the meters were rolled out geographically, and
we are matching customers to others in their zip code, so control and treatment customers are likely to have about the same
amount of interval data available.

8 PG&E’s Demand Response program where Air Conditioners are cycled on and off in a coordinated fashion to reduce loads at
times of system peak.

° AC propensity refers to the probability that a particular customer will have CAC, the propensity scores were developed in
2010 by FSC based on geography house type and other factors.

% There were cases where the number of non-participants in specific buckets was less than 10 times the number of treatment
customers in the same bucket. In those cases, all of the non-participant customers were selected for the control group pool.
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customers within each bucket in the population was fewer than 10. After determining the
number of control customers required for each bucket, that number is randomly selected from
the non-participant population. This approach allows us to select a very targeted group of non-
participant customers to serve as the control group pool. There were 1,318 different buckets
created for the CWP treatment group and 938 buckets created for the Energy Alerts treatment
group.

Although the process was identical for both control group pools, the non-participant population
was different for each program. The control group pool for the Energy Alert treatment group was
selected from the population at large. The population that served as a potential control group
pool for the CWP customers was customers who had used My Energy, but had not viewed their
interval data by visiting the My Usage tab. The reason that we used these customers as a control
group was to control for other activities that customers might engage in through the web portal,
such as on-line bill pay, or viewing billing data. These activities may encourage some customers
to save energy, but are not enabled by SmartMeter™ data therefore this approach ensures that
both the treatment and control groups have access to the same information and are as similar to
each other as possible.

3.3.2 Matching Strategy

After selecting the control group pools for each bucket with treatment group customers the next
step was to match each treatment customer with a similar control group customer. The control
and treatment customers are grouped based on the buckets created in the previous step, defined
by a combination of zip code, CAC propensity, SmartAC participation, and heating type. Then,
within each bucket, treatment customers are matched with the closest control group customer in
the bucket based on pre-treatment usage.

In order to determine how close each treatment customer is to a potential match we calculate a
distance metric based on a combination of interval and billing data. For each customer in the
treatment or control groups, we first calculate average daily usage from the billing data. We also
calculate average daily usage from the available interval data. Then, we merge the daily usage
from the billing data with the daily usage from the interval data, replacing billing data with
interval data wherever it exits. This creates one set of daily usage values for each customer
where those values calculated from interval data, which are more precise, are favored over those
calculated from billing data.

In the next step we calculate the variables that will be used in the distance metric algorithm
from the daily data: average summer weekday usage, average summer weekend usage, average
winter weekday usage, and average winter weekend usage. We then use a weighted Euclidian
distance metric to determine how close or similar each potential control group customer is to any
one treatment customer based on those four weighted variables.* Using a distance metric allows
us to compare treatment customers with potential control customers based on their overall
similarity as defined by average daily usage on weekends, and weekdays, in both summer and
winter.

Within each bucket, the Euclidian distance is calculated between each treatment customer and all
potential control customers, and then the control customer with the smallest distance is matched
to the treatment customer in question. When we minimize the distance metric, we are in essence
selecting the control customer who is the most like the treatment customer, in comparison to all
other potential controls, across all four of the average seasonal daily usage values. The process
is repeated until all the treatment customers in the bucket have a match. Situations often occur
where the same control customer is the closest control customer to two different treatment
customers. In these cases the distance is calculated between the two treatment customers and
their second closest matches, and then the control customer is assigned to the treatment
customer with the poorer alternate match (i.e. larger distance to their second closest match).
This ensures that when a control is matched to two treatments, the treatment customer who is

! Euclidian Distance is defined as the square root of the weighted sum of the squared differences between the four variables
and the weights are determined by the percent of weekend to weekdays in each season.
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farthest from their second choice gets their first choice, minimizing the total overall distance
between all treatments and controls. An example of the matching strategy is shown below in
Figure 3-1 for two dimensions (average summer and winter weekday usage). This is done for
illustrative purposes, but please note that the actual matching also considered summer and
winter weekend usage for a total of four dimensions. Euclidean distances are a valid metric in
any number of dimensions.

Figure 3-1 Illustrative Example of Matching Strategy

Hlustrative Matching of Participants to Controls
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In the example above, Participant 1 finds its closest match in the control population to be a
distance of 13.3 units away.*? Participant 2 and 3, however, both have their minimum distance
criteria satisfied by the same Control point. The next best alternative match for Participant 3 is
11.5 units away, whereas Participant 2's next best alternative match is 18.7 units away. Because
Participant 3 can go a shorter distance to its alternative, it graciously steps aside to give
Participant 2 its first choice of Control match, and it gets its second choice, 11.5 units away.
Once every participant in the treatment group is matched with a unique customer from the
control population, the comparison analysis can proceed.

There are two cases in which customers may be matched through a secondary process. The first case
consists of CWP customers who began participating in the CWP program prior to May of 2010. These
participants do not have enough pre-treatment data on which to match. Therefore, these CWP
customers were matched based on the four filters plus the following additional demographic
characteristics, tariff, house type, and care vs. non-care, and seven digit zip code (where possible).
The second case could apply to either program and consists of participants who could not be
matched in the first round of the matching process because the control group pool was too small
within a given bucket. These participants, were matched in a second round of matching using the
available pre-treatment data but removing all filters except the 5 digit zip code.

12 The units here happen to be kWh, but it is more appropriate and easier conceptually to think of them as generic units of
distance.

22 WWW.enernoc.com



Analysis Methodology

3.4 ESTIMATING THE ENERGY SAVINGS FOR BOTH PROGRAMS

As noted in earlier sections, in PY2010 FSC did not report statistically significant savings for
either program at the program level. This year, we are able to incorporate the SmartMeter™
interval data, which was not available last year, and more detailed sample stratification which
was designed to identify savings in the specific participants groups that are likely to save the
most energy. To estimate savings, we use a direct comparison between the treatment and
matched control group to estimate savings for both CWP and Energy Alerts. We repeat the direct
comparison, both at the program level, and within subpopulations of highly engaged customers.
We also use a regression model to estimate daily changes in energy usage for Energy Alerts
participants only. Each technique is described below.

3.4.1 Direct estimation

Once the treatment customers have been matched to control group customers the treatment and
control groups can be compared to each other during the treatment period. We conduct the
comparison in two phases, first looking for statistically significant differences in daily usage
between the two groups to determine if statistically significant savings may exist, and second by
calculating the weighted average monthly savings for each program during the treatment period.

During the first phase we are simply trying to determine if we can detect savings on a monthly
level. Because there is so much variation in energy use, small changes that participants make
from day to day might be obscured by the natural variation in usage at the monthly level.
However, such small changes might be more easily detected at the daily level. To look for
savings at the daily level, we compare the average usage on each day of the year for each
treatment stratum to each control stratum. For example, we subtract the average daily usage for
the treatment stratum 1, from the average daily usage for the matched control group for stratum
1. We repeat this calculation for each day during the month. Then, for each day, we can
determine whether the difference between the treatment and control is statistically significant at
a 90% confidence level. If we determine that it is statistically significant, this indicates that we
can be 90% certain that the actual savings for the population falls within the confidence interval
and is not equal to zero. If fewer than 10% of the days have statistically significant differences
then we can conclude that there is no difference between the two groups, indicating a savings of
zero for that month.** On the other hand, if many more than 10% of the days have statistically
significant differences, we can reasonably assume that savings were present, and it might be
possible to detect the savings at the monthly level.

In order to estimate the savings at a monthly level, we sum the daily energy for the treatment
and control groups individually by month for each stratum. Then we look at the difference
between the monthly consumption for each treatment and control stratum and test to see if that
difference (savings) is statistically significant at a 90% confidence level. The initial monthly
comparison is calculated for each stratum, and then the average per participant monthly savings
can be calculated by applying the stratum weights. Finally, the statistically significant monthly
estimates can be added together over the course of the year to estimate the annual per
participant impact.

When we estimate the savings for each group, it is important to account for the dual
participation within each sample. We do this by adding an additional stratification, so to speak,
and estimating the savings in two pieces; first for the singly enrolled participants, and second for
the dually enrolled participants. The savings from the singly enrolled participants represents the
savings from the treatment program only. While the savings from the dually enrolled participants
represents the additional savings attributable to the second program for the dually enrolled
treatment customers. It is important to note that the estimate of savings for the secondary
program is indicative of savings only for dually enrolled customers, since we cannot be sure if

13 We use a threshold of 10% because given a 90% confidence interval, approximately 10% of the days would be statistically
significantly different from zero based on randomness, since they would lie in the tails of the distribution. We would also expect those
differences to be randomly up and down, and not systematically positive or negative.
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their participation in the first program influences their savings from the second program and
vice-versa.

3.4.2 Regression approach

For the Energy Alerts program, we also use a regression approach to estimate daily changes in
energy use in response to alerts. It is likely that any savings or change in energy use resulting
from receiving alerts will vary by time as follows:

e Energy use changes should be greatest shortly after the energy alerts are received
e Energy use changes should diminish as time passes after the alerts are received
e Energy use changes should be nonexistent in the days preceding the notice

The data used as an input to the regression model consists of daily kWh totals for Energy Alerts
sample participants from SmartMeter ™ data, participation indicator variables, weather data, and
other demographic information. Because the data represents a cross section of participants over
time, we use a typical panel data regression approach, the fixed effect model, to control for
variation between cross-sections. The fixed effect model, also known as a least-squares dummy
variable model, estimates an intercept for each participant. These individual intercepts capture
the unobservable characteristics of each participant that we cannot include in the regression
model such as, household size, appliance holdings, or tastes and tendencies dealing with energy
use. Doing so allows us to get a better estimate of the variables of interest, primarily those
associated with alerts and the days following alerts. Because so many of the sample participants
are dually enrolled, we also include variables to estimate the impact of viewing usage data via
the portal. As mentioned above, these variables will provide an estimate of the incremental
savings attributable to CWP views for Energy Alerts customers.
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CHAPTER | 4

IMPACT RESULTS

4.1 MATCHING RESULTS

Before estimating the savings, it is important to check the quality of the match between the
treatment and control customers. We do this in two ways: first we look at the average distance
between the treatment and control customers by stratum within each group. Recall that the
distance is the square root of the weighted sum of the squared differences between each
treatment and control customer for all four of the continuous matching variables.'* We also look
at the percentage difference between treatment and control for the four matching variables.
These two measures give us a good idea of how well customers were matched. The subsections
below include results for the CWP and Energy Alerts treatment and control groups.

4.1.1 Customer Web Presentment Matching Results

Table 4-1 explains the two guidelines used to stratify the participants: the participant’s year of
enrollment into the program and the number of times interval data was accessed in 2011.

Table 4-1 CWP Stratification Description
-
Year of Enrollment .

in 2011
1 2008 — 2009 Once
2 2008 — 2009 2to6
3 2008 — 2009 7 to 15
4 2008 — 2009 >16
5 2010 Once
6 2010 2to6
7 2010 7 to 15
8 2010 > 16
9 2011 Once
10 2011 2to6
11 2011 7 to 15
12 2011 >16

We determined the closeness, or observable similarities, between the customers involved in the
match by looking at the percentage distance between each day type, on average, for each stratum as
shown in Table 4-2. In total, we matched 5,905 participants out of 5,925. We eliminated twenty
participants from the sample because we were unable to match them with a reasonably similar
control group customer.

14 Matching variables include: pre-treatment average daily usage on four day types, summer weekend, summer weekday, winter
weekend and winter weekday.
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Table 4-2 CWP: Percentage Difference in Closeness between Treatment and Control
A
Matched Pairs Weekday Weekend Weekday Weekend
5 5.16% 6.42% 6.93% 7.31%
6 495 3.38% 5.54% 5.18% 6.31%
7 489 5.48% 5.88% 7.83% 8.65%
8 495 3.10% 3.08% 5.21% 5.04%
9 497 1.97% 2.34% 1.84% 2.21%
10 497 2.18% 3.40% 1.79% 2.12%
11 493 3.18% 3.75% 4.75% 5.44%
12 493 1.76% 2.11% 4.11% 3.72%

On average, the percentage difference between the treatment and control customers is very
small. It does not exceed 5.5% on any day-type for those customers who joined in 2011 (strata
9-12). The majority of the differences in this group are 3% or less. These participants had the
most available pre-treatment data and therefore have a better match than participants who
joined in 2010 (strata 5-8). It is also important to note that while within each stratum individual
differences between matched treatment and control customers range from positive to negative,
the average percentage differences between the treatment and control are all positive. This
indicates that on average, the treatment group uses slightly more than the control group.
Because of this, it will be harder to detect small savings in the CWP group, and will result in
more conservative estimates of savings. The percent differences for participants who joined the
program prior to 2010 (strata 1-4) are not reported in this table because participants in those
strata did not have any pretreatment data. They were matched using demographic filters only.

Figure 4-1 CWP: Comparison of 2010 Monthly Usage Treatment vs. Control
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To look at the quality of the match for the entire CWP sample at a high level, we present the
weighted average monthly usage for the treatment and control groups during 2010 in Figure 4-1
above. Based on the figure, small differences are more apparent toward the end of 2010, with
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the control group being on average lower than the treatment group. Still, overall the match
between the treatment and control for CWP is very close.

4.1.2 Energy Alerts Matching Results

Table 4-3 explains the guidelines used to stratify the Energy Alerts participants: enrollment prior
to or after May 2011 and high or low average summer or winter alerts.

Table 4-3 Energy Alerts Stratification Description
I
1 After 5/2011 High
2 Prior to 5/2011 Low High
3 After 5/2011 High Low
4 Prior to 5/2011 High Low
5 After 5/2011 High High
6 Prior to 5/2011 High High
7 After 5/2011 Low Low
8 Prior to 5/2011 Low Low

Again, we determined the closeness of the match by looking at the percentage distance between
each day type, on average, for each stratum as shown in Table 4-4. In the Energy Alerts sample we
were able to select reasonable matches for 3,526 out of 3,598 participants.

Table 4-4 EA: Percentage Difference between Treatment and Control
R
Matched Pairs Weekday Weekend Weekday Weekend
1 3.79% 4.82% 4.70%  620% |
2 576 6.10% 7.09% 7.86% 9.05%
3 333 2.67% 5.10% -0.54% 0.59%
4 328 3.11% 4.03% 1.28% 1.45%
5 457 4.87% 6.36% 7.47% 7.91%
6 327 1.00% 1.76% 6.51% 7.78%
7 323 1.54% 2.63% 1.84% 1.85%
8 339 -2.64% -0.53% -1.19% 0.20%

On average, the percentage difference between the treatment and control customers is fairly
small. The majority of the differences are below 5%, and all of them are below 10%. One
observation is that the match for the Energy Alerts participants is less consistent than the match
for the CWP participants, with some cells being very close to zero and others being nearly 10%
different. For the Energy Alert customers, some of the average percentage differences are
negative, but the majority are positive. Again, this may make it more difficult to detect small
changes in usage related to savings, and tend to overstate increases in usage.

To look at the quality of the match for the entire Energy Alerts sample at a high level, we
present the weighted average monthly usage for the treatment and control groups during 2010
in Figure 4-2. For Energy Alerts, the treatment and control are close throughout the year,
however the distance between the two groups increases in the winter, where the treatment
groups is on average higher than the control group.
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Both the percentage differences and the monthly usage comparison indicate that the match for
the Energy Alerts program is less optimal than the CWP match. Having a less than optimal match

makes savings difficult to detect, in this case because the treatment customers are consistently
using more energy than the control group customers.

Figure 4-2 Energy Alerts: Comparison of 2010 Monthly Usage Treatment vs. Control
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4.2 CUSTOMER WEB PRESENTMENT RESULTS

The impact analysis for the CWP program demonstrated savings for CWP customers within the
subpopulation of customers who accessed the web portal more than 15 times during the
program year. The savings was not detectable at the program level, for either singly or dually
enrolled participants, or in subpopulations that viewed the web portal less frequently.

4.2,1 Direct Comparison Results

As discussed in the methodology section above, the first phase of the direct comparison was to
compare the average daily usage for 2011 by stratum and dual participation in order to look for
savings at the daily level. During this initial comparison, we found that many of the days did
have statistically significant differences that indicated savings. These differences were especially
notable within stratum 12, which contains participants who accessed the web portal more than
15 times in 2011. These initial results indicated that it may be possible to detect savings at the
monthly level as well, particularly within the subpopulation of customers who accessed the web
portal more frequently.

The most conservative estimate of savings is weighted average difference between the treatment
and control group for the entire program. Table 4-5, and accompanying Figure 4-4, Figure 4-5,
and Figure 4-6 show the weighted average difference for the total program, the singly enrolled
participants, and the dually enrolled participants.

Table 4-5 below shows the weighted average per customer monthly differences between the
control and treatment groups for all participants, singly enrolled participants, and dually enrolled
participants. A positive difference indicates savings in the treatment group, and a negative
difference indicates higher usage in the treatment group. Statistically significant differences are
highlighted in blue. At the program level only three of the 36 months can be considered
statistically different from zero, and only two of those differences are positive. While there
appears to be a statistically significant savings in November, this difference results from an
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anomaly in the control group during that month, rather than a reduction in the treatment group.
This anomaly can be seen in the participant population in Figure 4-3 which compares the
monthly average usage for the treatment and control groups during the program year.

Table 4-5 CWP: Difference between Treatment and Control — Program level
0 All Pa P3 g olled Dua olled
6,000 4. 46 O
January -26.82 -25.28 -35.74
February -16.24 -17.58 -10.59
March -9.54 -11.19 -2.60
April -13.59 -11.19 -23.68
May -13.46 -9.59 -29.78
June 0.38 4.19 -15.66
July 12.51 16.01 -2.26
August 4.47 4.04 6.25
September 10.62 10.21 12.33
October -0.24 2.01 -9.77
November 33.65 41.31 1.35
December -9.32 -5.66 -24.77

Figure 4-3 CWP: Comparison of 2011 Monthly Usage Treatment vs. Control
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The three figures below illustrate the monthly difference between treatment and control groups
graphically as presented in Table 4-5 including the upper and lower 90% confidence intervals. In
each figure, for nearly all months the confidence intervals include zero, which indicates that
statistically significant savings for CWP cannot be detected at the program level, for dually
enrolled, singly enrolled, or all participants.
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Figure 4-4 Average per customer difference — All participants
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Figure 4-5 Average per customer difference — Singly Enrolled Participants
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Figure 4-6 Average per customer difference — Dually Enrolled Participants
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While we cannot detect statistically significant savings at the population level, our analysis of the
daily differences does indicate that CWP participants are savings energy. Therefore we also
estimate the monthly savings for three subpopulations:

e Participants who accessed the web portal more than 15 times in 2011 including Strata 4,
Strata 8, and Strata 12.

e Participants who accessed the web portal more than 6 times in 2011 including Strata 3
and 4, Strata 7 and 8, and Strata 11 and 12.

e Participants who accessed the web portal more than once in 2011 excluding Strata 1,
Strata 5, and Strata 9.

Of the three subpopulations we expect to see the most savings in those who accessed the web
portal most often and the least savings, if any, when we include participants who accessed the
web less often.

Table 4-6 shows the weighted average per customer monthly difference between treatment and
control for the subpopulation of customers who viewed the web portal more than 15 times in
2011. Again, statistically significant differences are highlighted in blue. In this subpopulation we
can clearly see a significant savings occurring in the treatment customers. The savings is
approximately 40 kWh per statistically significant summer month and 30 kWh per statistically
significant winter month. When looking at the difference between the singly and dually enrolled
customers, it is apparent that while the savings estimates for dually enrolled customers are not
dramatically different from the savings estimates for singly enrolled customers, their smaller
sample size results in an inability to detect statistically significant results. This does not
necessarily mean that dually enrolled customers are not saving energy, in fact Figure 4-10
suggests that they are conserving, however we are not able to separate the savings from the
variation in the sample.
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Table 4-6 Difference between treatment and control group: Viewed > 15 times
All Participants Singly Enrolled Dually Enrolled
n= 1,500 n= 1,007 n=493

January -26.34 -21.52 -35.21
February -4.99 -7.88 0.34
March -0.66 2.13 -5.79
April 1.37 6.38 -7.84
May 7.83 16.12 -7.41
June 26.20 35.30 9.46
July 46.67 52.96 35.09
August 46.77 53.46 34.46
September 55.48 57.79 51.23
October 24.64 30.67 13.54
November 31.82 38.00 20.46
December -2.90 5.75 -18.83

Figure 4-7 2011 Monthly use treatment vs. control viewing > 15 times
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Figure 4-7 shows the weighted average monthly usage for both the treatment and the control
group at the program level during 2011. During the winter months, the treatment is slightly
higher than the control group and during the summer months the treatment is noticeably lower
than the control group.

Figure 4-8, Figure 4-9, and Figure 4-10 show the differences in Table 4-6 graphically including
the upper and lower 90% confidence intervals.
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Figure 4-8 Average per customer difference — All participants viewing > 15 times
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Figure 4-9 Average per customer difference — Single participants viewing > 15 times
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Figure 4-10 Average per customer difference — Dual participants viewing > 15 times
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Table 4-7 shows the monthly difference between treatment and control for the subpopulation of
customers who viewed the web portal more than 6 times in 2011 with the statistically significant
differences highlighted in blue. By including participants who view the web portal less often we
see a reduction in the number of months with significant savings. Overall, only four months show
significant differences with savings occurring only in November and September. The savings in
November based on Figure 4-3, is most likely an anomaly in the data rather than true savings. In
addition, the actual savings estimates were cut nearly in half, from 40 kWh per month in the
subpopulation of participants who viewed the data more than 15 times to about 25 kWh per
month here. Based on these results, we suspect that the savings we see in this subpopulation, of
all customers viewing their data more than 6 times, are driven largely by those participants
viewing their data more often.

Table 4-7 Differences between treatment and control group: Viewed > 6 times
All Participants Singly Enrolled Dually Enrolled

n= 3,000 n= 2,062 n=938
January -28.03 -30.04 -23.95
February -25.47 -22.58 -31.34
March -20.05 -12.74 -34.92
April -15.30 -15.34 -15.23
May -13.82 -8.85 -23.92
June -10.26 -1.09 -28.89
July 2.38 16.90 -27.15
August 5.78 8.52 0.22
September 23.94 26.24 19.26
October 8.09 12.10 -0.07
November 22.88 32.34 3.65
December -8.48 -3.08 -19.45
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Figure 4-11, Figure 4-12, and Figure 4-13 show the differences in Table 4-7 graphically including
the upper and lower 90% confidence intervals.

Figure 4-11
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Figure 4-13 Average per customer difference — Dual participants viewing > 6 times
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Finally Table 4-8 shows the weighted average per customer monthly difference between
treatment and control for the subpopulation of customers who viewed the web portal more than
once in 2011 with the statistically significant differences highlighted in blue. As expected, as we
continue to include more participants who view the web portal less often we see an increasing
reduction in the number of months with significant savings. In this case we can only identify
three months of savings, with two of those months occurring in November. Again, the average
savings remains small at approximately 33 kWh per month. We suspect that the savings we see
in this subpopulation is driven largely by those participants viewing their data more often.

Table 4-8 Differences between treatment and control group: Viewed > 1 times

All Participants Singly Enrolled Dually Enrolled
n= 4,500 n= 3,160 n= 1,340

January -22.43 -16.04 -40.54
February -19.63 -18.46 -22.97
March -12.97 -10.37 -20.32
April -7.47 -6.39 -10.55
May -8.42 -8.08 -9.36
June 3.10 2.39 5.09

July 12.71 13.69 9.90

August 9.24 -0.46 36.75
September 16.88 9.69 37.28
October 4.11 -1.81 20.90
November 29.25 31.24 23.60
December -10.61 -11.33 -8.57

Figure 4-14, Figure 4-15, and Figure 4-16 show the differences in Table 4-8 graphically including
the upper and lower 90% confidence intervals.
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Figure 4-14  Average per customer difference — All participants viewing > 1 time
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Figure 4-15  Average per customer difference — Single participants viewing > 1 time

80

60
40 -~

20

Average kWh per Participant

’ f
-20

7/
- ~ -y
= - -~ ’I \
-40 - =
-~
”~
_60 ’/
-
-80
0 N 2\ e A X S S S X
\},bc\ \},b(*\ S VQ\\ RIS S °$§° ¢ & F
S D ¥ & S S
W@ ¥ v S
& s 9

EnerNOC Utility Solutions

37



Impact Results

Figure 4-16 Average per customer difference — Dual participants viewing > 1 time

100

40 - N

-
—--._’ ~
20 ’..----.-- //_—\-———\
0 PR I ——— \
_ 7’ A Y
20 /-_/ N
-40 - 3

Average kWh per Participant

-60 _ -
-
-80 ”
100 | 7
-120
S &S &L \}"‘7\ ¥ \c\\\ $F ¢ & & &
SO G o S S 7 & ©
SN & & & L&
e @ e & o & &
® ¥ J

4.2,2 Estimating Program Level Savings

Based on the analysis of both the entire sample and the subpopulations presented above, the
final step of the impact analysis is to present the cumulative CWP savings for the entire program.
In order to do this we make an important assumption; customers who view the web portal less
than 15 times per year are either not saving energy, or their savings is too small to be estimated
given the variation in usage within the sample. The patterns we see in Figures 4-10 to 4-15, with
positive differences in the summer and negative differences in the winter, do seem to indicate
that those customers might be conserving. However, because the savings is not consistently
statistically significantly different from zero we estimate savings for only the subpopulation of
customers viewing the web portal most often, and assume that savings cannot be estimated for
the remaining participants.

Based on these assumptions the savings for the CWP program is presented in Table 4-9, for all
participants, singly enrolled participants, and dually enrolled participants. We calculate the
annual savings by summing all of the statistically significant monthly savings for a particular
group over the course of the year. We do not include a calculation of annual savings for dually
enrolled participants because we were not able to detect any savings in that subgroup.

Table 4-9 CWP Savings: Participants with > 15 views per year
All Participants Singly Enrolled
N=8,279 N=5,364
Annual Savings (kWh) 232 268
Average Annual Usage (kWh) 9,348 9,276
Percent savings 2.48% 2.89%
Total Savings (kWh) 1,917,251 1,438,518

The savings attributable to this subgroup are consistent with estimates of savings from other
industry conservation programs, falling in the 1-3% range. However, because these savings were
calculated as the sum of the statistically significant monthly savings, it is very difficult to
establish a confidence interval for these estimates. We were able to detect these very small
changes in usage because at the monthly level they were significant but if we were to estimate
savings on an annual basis this small savings would almost certainly be swallowed up in the
seasonal variation of the group. Recall also that because we used a quasi-experimental design,
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rather than a true experimental design, there is a certain degree of uncertainty surrounding
these estimates.

It is also very important to note that these percentages are only valid for those participants who
view the website often. These participants represent a unique subgroup of about 4% of the CWP
population that is likely to be eager to learn more about energy use and also likely to be actively
looking for ways to manage usage. Because of their unique interest in energy, these customers
likely respond to the information presented in a different way than others in the population, and
as a result save more energy.

It would not be reasonable to conclude that encouraging other participants to use the web more
often, would result in similar savings in those other participants. This type of participant is
analogous to an early adopter, and it is not appropriate to extrapolate the savings estimates
from this group to participants in other groups. The fundamental differences in preferences
between participants who access the web portal only once and those who access the web portal
on a regular basis result in fundamental differences in their response to the program and their
resulting savings. This dichotomy of participants who are high responders and those who are low
responders is often observed in utility programs, regardless of type, where a relatively small
group is responsible for the majority of the savings.

4.3 ENERGY ALERTS RESULTS

The impact analysis for the Energy Alerts program was unable to demonstrate savings for Energy
Alerts customers using either a direct comparison, or a regression method.

4.3.1 Direct Comparison Results

The first phase of the analysis compared the treatment and control average daily usage for 2011
by stratum and dual participation in order to look for savings at the daily level. During this initial
comparison we found that many of the days did have statistically significant differences.
However, there were a nearly equal number of positive and negative differences. The large
number of both positive and negative differences indicated that we were capturing differences
resulting from a less than optimal match, rather than differences representing actual savings.

While these initial results indicated a lack of savings for the Energy Alerts program, we looked for
savings at the program level by calculating the weighted average difference between the
treatment and control group for the entire program in Table 4-10 and illustrated graphically in
Figure 4-17.

Table 4-10 below shows the weighted average per participant monthly differences between the
control and treatment groups for all participants, singly enrolled participants, and dually enrolled
participants. A positive difference indicates savings in the treatment group, and a negative
difference indicates higher usage in the treatment group. Statistically significant differences are
highlighted in orange. Contrary to the results in the CWP group, nearly all the statically
significant differences between the treatment and control groups are negative. We believe that
these differences are due to a less than optimal match in the pre-treatment period, not due to
changes in the participant’s usage as a result of the program.

Based on both the daily and the monthly results, we cannot identify any statistically significant
savings resulting from the Energy Alerts program. In this program, the quality of the match may
be an issue that is preventing us from identifying those savings.
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Table 4-10 Differences between treatment and control group: All EA participants

All Participants Singly Enrolled Dually Enrolled
n= 3,674 n= 1,583 n=2,091
January -20.93 -26.11 -14.21
February -27.90 -28.34 -27.33
March -29.29 -29.00 -29.66
April -24.88 -23.10 -27.19
May -22.79 -15.50 -32.24
June -8.30 -4.82 -12.55
July -2.40 -3.37 -1.20
August -4.35 -2.52 -6.59
September -11.70 -22.00 0.92
October -19.09 -21.16 -16.56
November -20.87 -30.57 -9.00
December 4,15 -17.21 30.32

Figure 4-17 Energy Alerts 2011 Monthly usage treatment vs. control
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4.3.2 Regression Analysis Results

The daily regression analysis conducted for the energy alerts customers yielded results that were
consistent with the results of the direct comparison. The regression approach was unable to
detect any statistically significant changes in daily usage resulting from receiving an alert. Two
different methods were used to attempt to detect savings. First we estimated a fixed -effect
model, and second we estimated customer specific regression models for each participant during
the pre and post-treatment periods. While we did see evidence of individual customers reducing
their consumption in response to alerts, that proportion was very small relative to the entire
population of participants, less than 5%. A proportion this small could be actual savings, but also
falls within the realm of random variation. We must therefore conclude that any savings from the
program, if they exist, are too small to be detected using the regression approach.
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CHAPTER | 5

RECOMMENDATIONS

Our analysis of both the Energy Alerts and Customer Web Presentment programs has lead to
three recommendations for future evaluation activities.

1.

Due to the large number of dually enrolled customers, we recommend implementing an
additional sample in future program years to analyze the effects of dual enroliment and
single enrollment separately. This third sample would consist of only dually enrolled
customers, and would examine the combined savings of both programs for participants
who are enrolled in both programs.

Statistically significant results from the CWP analysis indicate that the CWP analysis may
be enhanced through the use of a daily regression model to estimate the effect on daily
usage of viewing the web portal information in the days immediately following a web
portal view. We recommend developing such a model in future evaluation of the CWP
program. A daily regression model may also allow for better detection of results than a
matched control group method.

Marketing the CWP program to early adopters may increase program savings. As noted
above, the subgroup responsible for the savings in this evaluation year was comprised of
those customers who access the web portal often. These types of customers are eager to
learn about and manage their energy usage. Ensuring that the program is marketed to
this particular group of customers may encourage more of them to take advantage of the
tools that PG&E offers and decrease their energy consumption.

Although enrollment in Energy Alerts has more than doubled from about 30,000
customers in 2010 to more than 73,000 in 2011, the current evaluation methods have
not been able to detect electricity savings for the program participants. Offering some
additional form of feedback for the Energy Alerts customers may help them to save more
energy. Additionally, encouraging them to also use the CWP tools might help them to
better manage their usage (and get feedback) in response to alerts.

We have noted in the report that the treatment group for both programs is on average,
consistently higher than the control group. This indicates that we tend to match
treatment customers with control customers that are too small for them. This makes it
difficult to detect savings in the treatment customers, but it also indicates that there is
some bias in the match. The bias could be related to self-selection bias, in that treatment
customers tend to use more energy than their peers. The bias could also be introduced in
the matching process itself, through either seasonal effects that are not being properly
captured or the use of AC propensity in the matching strategy. AC propensity is an
estimate, and subject to its own uncertainty, variance, and possibly bias. We recommend
digging deeper into this issue in next year’s evaluation to attempt to uncover the sources
the bias and isolate it if possible.
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About EnerNOC Consulting

EnerNOC Consulting (EC) is part of EnerNOC Utility Solutions group, which
provides a comprehensive suite of demand-side management (DSM) services to
utilities and grid operators worldwide. Hundreds of utilities have leveraged our
technology, our people, and our proven processes to make their energy efficiency
(EE) and demand response (DR) initiatives a success. Utilities trust EnerNOC to
work with them at every stage of the DSM program lifecycle — assessing market
potential, designing effective programs, implementing those programs, and
measuring program results.

EnerNOC Utility Solutions delivers value to our utility clients through two separate
practice areas — Program Implementation and EnerNOC Consulting (EC)

e Our Program Implementation team leverages EnerNOC’s deep “behind-the-
meter expertise” and world-class technology platform to help utilities create
and manage DR and EE programs that deliver reliable and cost-effective
energy savings. We focus exclusively on the commercial and industrial (C&I)
customer segments, with a track record of successful partnerships that spans
more than a decade. Through a focus on high quality, measurable savings,
EnerNOC has successfully delivered hundreds of thousands of MWh of energy
efficiency for our utility clients, and we have thousands of MW of demand
response capacity under management.

e  The EnerNOC Consulting (EC) team provides expertise and analysis to support
a broad range of utility DSM activities, including: potential assessments; end-
use forecasts; integrated resource planning; EE, DR, and smart grid pilot and
program design and administration; load research; technology assessments
and demonstrations; evaluation, measurement and verification; and
regulatory support.

The EC team has decades of combined experience in the utility DSM industry. The
staff is comprised of professional electrical, mechanical, chemical, civil, industrial,
and environmental engineers as well as economists, business planners, project
managers, market researchers, load research professionals, and statisticians.
Utilities view EC’s experts as trusted advisors, and we work together
collaboratively to make any DSM initiative a success.
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Walnut Creek, CA 94596
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